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Watermelon productionAbstract This study was conducted in order to determine energy consumption, model and analyze
the input–output, energy efﬁciencies and GHG emissions for watermelon production using artiﬁcial
neural networks (ANNs) in the Guilan province of Iran, based on three different farm sizes. For this
purpose, the initial data was collected from 120 watermelon producers in Langroud and Chaf region,
two small cities in the Guilan province. The results indicated that total average energy input for
watermelon production was 40228.98 MJ ha–1. Also, chemical fertilizers (with 76.49%) were the
highest energy inputs for watermelon production. Moreover, the share of non-renewable energy
(with 96.24%) was more than renewable energy (with 3.76%) in watermelon production. The rate
of energy use efﬁciency, energy productivity and net energy was calculated as 1.29, 0.68 kg MJ1
and 11733.64 MJ ha1, respectively. With respect to GHG analysis, the average of total GHG
emissions was calculated about 1015 kgCO2eq. ha
1
. The results illustrated that share of nitrogen
(with 54.23%) was the highest in GHG emissions for watermelon production, followed by diesel fuel
(with 16.73%) and electricity (with 15.45%). In this study, Levenberg–Marquardt learning Algo-
rithm was used for training ANNs based on data collected from watermelon producers. The
ANN model with 11–10–2 structure was the best one for predicting the watermelon yield and
GHG emissions. In the best topology, the coefﬁcient of determination (R2) was calculated as
0.969 and 0.995 for yield and GHG emissions of watermelon production, respectively. Furthermore,
Energy use and greenhouse gas emissions of watermelon production systems 39the results of sensitivity analysis revealed that the seed and human labor had the highest sensitivity in
modeling of watermelon yield and GHG emissions, respectively.
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Watermelon (Citrullus lanatus) is a vine with large crinkled
leaves and also a heat-lover crop, it will grow once established
and too much attention is not required. It is the best sown by
seed in spring. Watermelon needs a long growing season (at
least 80 days) and warm ground for seeds to germinate and
grow. The soil temperature should be about 21 C or warmer
at planting time. In farming systems, the watermelon seeds
should be sown 1 in. deep and keep well watered until germi-
nation. To get a jumpstart in cooler climates, the planting area
can be covered with black plastic to warm up the soil and start
seeding indoors two or three weeks before they are set out in
the garden. Watermelon production is very important to Iran
in terms of both export and domestic consumption. Iran has
the second place of watermelon production in the world
(FAO, 2011). Guilan province has the main share of water-
melon production in Iran. Also, watermelon is mostly planted
in Langroud city and Chaf region in the Guilan province
(Ministry of Jihad-e-Agriculture of Iran, 2013). The amount
of energy used in agricultural production, processing and dis-
tribution is signiﬁcantly high. Adequate amount of energy and
its effective and efﬁcient use are necessary for an improved
agricultural production. It has been realized that crop yields
and food supplies are directly linked to energy (Mohammadi
and Omid, 2010). The increased use of agricultural inputs in
modern farming has resulted in an increase in the energy
inputs for fertilizers and crop protection chemicals, higher
yields have increased the energy output per unit area and per
unit of input (Pimentel et al., 1973).
A greenhouse gas (sometimes abbreviated as GHG) is a gas
in an atmosphere that absorbs and emits radiation within the
thermal infrared range. The GHG emissions of agriculture
come from several sources such as machinery, diesel fuel,
chemical fertilizers, biocides and electricity. So, increase in
the energy inputs can cause increase in the GHG emissions
in agricultural activity.
In general, ANN has been applied in a wide range area,
such as mathematics, engineering, medicine, economics, envi-
ronment, and agricultures. The main advantage of neural net-
works is that they are able to use prior information (i.e.,
historical underlying process data) to model complex non-lin-
ear systems. Capturing the underlying process is called the
learning of a neural network (Safa and Samarasinghe, 2011).
The modeling of energy required and GHG emissions in
agricultural activity can reform the pattern of input consump-
tion and grow clean products. Also, the energy resources can
be saved by energy modeling. Moreover, clean environment
is the main advantage of GHG emission modeling. The devel-
oped models can give satisfactory predictions in the studied
region and appear to be an appropriate tool for prediction
of energy required and GHG emissions of watermelon produc-
tion. Many researchers have conducted experiments on energy
use and GHG emissions in agriculture (Gezer et al., 2003).
Mohammadi et al. (2010) examined energy consumption ofinputs and output used in kiwifruit production, and evaluated
the relationship between energy inputs and yield. Also,
Rahman and Bala (2010) developed a network to predict jute
production in Bangladesh. In another study, energy use pat-
terns and the relationship between energy inputs and yield
were examined for double crop (fall and summer) glasshouse
tomato production in Turkey (Ozkan et al., 2011). Banaeian
and Namdari (2011) studied the amount of input–output
energy of watermelon farms under different farming technolo-
gies in the Hamadan province, Iran. Their results disclosed
that the total energy consumption was estimated about
93290 MJ ha1. Pishgar-Komleh et al. (2012) studied the
energy consumption and CO2 emission of potato production
in three different farm sizes in the Esfahan province of Iran.
In another study, Tabatabaie et al. (2013a) determined energy
use pattern and investigate the relationships between energy
inputs and yield, cost inputs and income for pear production
using linear regression model. In other work, ANNs were
applied for modeling energy consumption in wheat production
in the Canterbury province, New Zealand (Safa and
Samarasinghe, 2011). Khoshnevisan et al. (2013a) predicted
yield and GHG emissions of wheat production using ANNs.
ANN model with eleven input and two output variables was
applied to predict the desired variables (yield and GHG
emissions).
The main objective of this study was to apply ANNs to pre-
dict yield and GHG emissions of watermelon production in the
Guilan province of Iran. Accordingly, several ANN models
were developed and their prediction accuracies were evaluated
using quality parameters.
2. Materials and methods
2.1. Data collection and processing
Data used in this study were collected from 120 watermelon
producers from Langroud city and Chaf region in the Guilan
province of Iran using a face-to-face questionnaire in March
and April 2013. This province is located in the north of Iran,
within 36340 and 38270 north latitude and 48530 and 50340
east longitude (Ministry of Jihad-e-Agriculture of Iran,
2013). The simple random sampling method was used to deter-
mine the survey volume, as described by Kizilaslan (2009):
n ¼ Nðs tÞ
2
ðN 1Þd2 þ ðs tÞ2 ð1Þ
where n is the required sample size; s, is the standard deviation;
t, is the value at 95% conﬁdence limit (1.96); N, is the number
of holding in target population and d, is the acceptable error
(permissible error 5%). Consequently calculated sample size
in this study was 112, but it was considered to be 120 to ensure
the accuracy. For the calculation of sample size, criteria of 5%
deviation from population mean and 95% conﬁdence level
were used.
Table 1 Energy equivalent of inputs and output in agricultural production.
Items (unit) Unit Energy equivalent (MJ unit1) References
A. Inputs
1. Human labor h 1.96 Mohammadshirazi et al. (2012)
2. Machinery kg yra
(a) Tractor and self-propelled 9–10 Hatirli et al. (2005)
(b) Implement and machinery 6–8 Hatirli et al. (2005)
3. Diesel fuel L 56.31 Mobtaker et al. (2010)
4. Chemical fertilizer kg
(a) Nitrogen 66.14 Mousavi-Avval et al. (2011a)
(b) Phosphate(P2O5) 12.44 Raﬁee et al. (2010)
(c) Potassium (K2O) 11.15 Unakitan et al. (2010)
5. Farmyard manure kg 0.3 Tabatabaie et al. (2013a)
6. Biocides kg 120 Tabatabaie et al. (2013a)
7. Electricity k Wh 11.93 Khoshnevisan et al. (2013a)
8. Seed kg 1.9 Kitani (1999)
B. Output
Watermelon kg 1.9 Kitani (1999)
a The economic life of machine (year).
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practices (chemicals, human labor, machinery, diesel fuel,
chemical fertilizers, farmyard manure, biocides, electricity
and seed) and output (watermelon yield) were calculated on
per hectare basis and then, these data were converted to forms
of energy to evaluate the output–input analysis (Hamedani
et al., 2011a). To calculate the energy equivalent of inputs
and output, units in Table 1 were used.
Energy equivalent for machinery is calculated by Eq. (2):
ME ¼ ELG
TCa
ð2Þ
where ‘ME’ is the machine energy (MJ ha1), ‘E’ is the produc-
tion energy of machine (MJ kg1 yr1) that is shown in
Table 1, ‘L’ is the useful life of machine (year), ‘G’’ is the
weight of machine (kg), ‘T’ is the economic life of machinery
(h) and ‘C’ is the effective ﬁeld capacity (ha h1), calculated
as follows (Hatirli et al., 2005):
Ca ¼ SWEf
10
ð3Þ
where ‘S’ is the working speed (km/h), ‘W’ is the working
width (m), and ‘Ef ’ is the ﬁeld efﬁciency, assuming a
1711 kg single-wheeled, 35-kW power tractor with 47 hp.
The energy indices including energy use efﬁciency (energy
ratio), energy productivity, speciﬁc energy, net energy and
energy intensiveness were calculated for various farm size
groups. The samples were classiﬁed into three groups based
on farm sizes: small farms (<1 hectare), medium farms
(between 1 and 3 hectare) and large farms (>3 hectare).
Energy use efﬁciency and speciﬁc energy are integrative indices
indicating the potential environmental impacts associated with
the production of crops (Mousavi-Avval et al., 2011b). More-
over, the ANOVA test was utilized on three groups. Further-
more, the means were compared using the exercise of
Duncan compare mean test.
Energy indices are expressed as follows (Mandal et al.,
2002; Mohammadi et al., 2008; Tabatabaie et al., 2013b):Energy use efficiency ¼ Energy Output ðMJ ha
1Þ
Energy Input ðMJ ha1Þ ð4Þ
Energy productivity ¼Watermelon output ðkg ha
1Þ
Energy Input ðMJ ha1Þ ð5Þ
Specific energy ¼ Energy output ðMJ ha
1Þ
Watermelon output ðkg ha1Þ ð6Þ
Net energy ¼ Energy Output ðMJ ha1Þ
 Energy Input ðMJ ha1Þ ð7Þ
Energy intensiveness ¼ Energy input ðMJ ha
1Þ
Total production cost ð$ha1Þ ð8Þ
Energy intensiveness is a measure of the amount of energy it
takes to produce a dollar worth of economic output, or
conversely the amount of economic output that can be gener-
ated by one standardized unit of energy.
For the growth and development, energy demand in
agriculture can be divided into direct energy (DE), indirect
energy (IDE), renewable energy (RE) and non-renewable
energy (NRE) (Ozkan et al., 2004; Zangeneh et al., 2010).
Direct energy included energy embodied in human labor, diesel
fuel and electricity while indirect energy consisted of seed,
chemical fertilizers, biocides, machinery and farmyard manure.
Also, renewable energy included human labor, seed, and farm-
yard manure, and non-renewable energy covered diesel fuel,
biocides, chemical fertilizers, machinery, and electricity. The
GHG emissions of watermelon production were calculated
by CO2 emission coefﬁcients of agricultural inputs (Table 2).
In watermelon production, the machinery, diesel fuel, chemical
fertilizers, biocides and electricity were responsible for CO2
emission.
2.2. Selecting inputs for the ANN model and model development
An ANN is an information processing paradigm that is
inspired by the way biological nervous systems, such as the
brain, process information. ANNs have been applied when
Table 2 GHG emission coefﬁcients of agricultural inputs.
Input Unit GHG Coeﬃcient
(kg CO2eq unit
1)
References
1. Machinery MJ 0.071 Dyer and Desjardins (2006)
2. Diesel fuel L 2.76 Dyer and Desjardins (2003)
3. Chemical fertilizer kg
(a) Nitrogen 1.3 Lal (2004), Khoshnevisan et al. (2013a)
(b) Phosphate (P2O5) 0.2 Lal (2004), Khoshnevisan et al. (2013a)
(c) Potassium (K2O) 0.2 Lal (2004), Pishgar-Komleh et al. (2012)
4. Biocides kg 5.1 Lal (2004)
5. Electricity k Wh 0.608 Nabavi-Pelesaraei et al. (2014)
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Therefore, ANNs are data-based, rather than model-based.
The key element of this paradigm is the novel structure of
the information processing system. It is composed of a large
number of highly interconnected processing elements (neu-
rons) working in unison to solve speciﬁc problems (Ghodsi
et al., 2012). Interest in using ANNs for forecasting has led
to a tremendous surge in research activities in the past two dec-
ades (Pahlavan et al., 2012). The area, human labor, machin-
ery, diesel fuel, chemical fertilizers, farmyard manure,
biocides, electricity and seed were chosen as inputs of the
developed model while watermelon yield and GHG emissions
were selected as outputs of the model. The 90 and 30 units were
used for training and testing of ANN model in this research,
respectively. These values were selected based on principles
of ANN. The election of units was randomized from all sam-
ples. Several structures were evaluated using the experimental
data to determine the best predicting model by the network.
The number of neurons was determined for input and output
layer based on number of inputs and outputs for watermelon
production. Also, one and two hidden layers were applied
for ANN modeling and according to the best results, one of
them was proposed for modeling. In this study, Levenberg–
Marquardt learning Algorithm was used for training ANNs.
The Levenberg–Marquardt algorithm is the most widely used
optimization algorithm. It outperforms simple gradient des-
cent and other conjugate gradient methods in a wide variety
of problems (Ranganathan, 2004). The input and output layers
are connected by a hidden layer. An ANN structure usually
consists of a layer of input neurons, a layer of output neurons
and one or more hidden layers (Khoshnevisan et al., 2013b).
All links between input layers and hidden layers composed
the input weight matrix and all links between hidden layers
and output layers composed the output weight matrix. Weight
(w) which controls the propagation value (x) and the output
value (O) from each node is modiﬁed using the value from
the preceding layer according to Eq. (9) (Zhao et al., 2009):
O ¼ f Tþ
X
wixi
 
ð9Þ
where ‘T’ is a speciﬁc threshold (bias) value for each node. ‘f’ is
a non-linear sigmoid function, which increased monotonically.
Error was calculated at the end of training and testing pro-
cesses based on the differences between targeted and calculated
outputs. The error function can be expressed as follows (Deh
Kiani et al., 2010):
E ¼ 1
p
X
p
X
k
tpk  zpk
 2 ð10Þwhere ‘p’ is the index of the p training pairs of vectors, ‘k’ is the
index of element in the output vector, ‘zpk’ is the kth element of
the output vector when pattern p is presented as input to the
network, and ‘tpk’ is the kth element of the pth desired pattern
vector.
The mean square error (MSE) is one of the most common
measures used to forecast accuracy in ANN. It is an average of
the squares of the difference between the actual observations
and those predicted. The squaring of the errors tends to heav-
ily weight statistical outliers, affecting the accuracy of the
results. Moreover, the MSE shows network capability in
modeling.
The MSE can be written as follows:
MSE ¼ 1
n
Xn
i
ti  zið Þ2 ð11Þ
where ‘ti’ and ‘zi’ are the actual and the predicted outputs for
the ith training vector, and ‘N’ is the total number of training
vectors (Safa and Samarasinghe, 2011).
The coefﬁcient of determination (R2) and mean absolute
percentage error (MAPE), which show the mean ratio between
the error and the experimental values, are deﬁned as follows:
R2 ¼ 1
Xn
i¼1
ðti  ziÞ2
Xn
i¼1
t2i
0
BBB@
1
CCCA ð12Þ
MAPE ð%Þ ¼ 100
n
Xn
t¼1
ðti  ziÞ
ti

 ð13Þ
where ‘n’ is the number of the points in the data set, and ‘t’ and
‘z’ are actual output and predicted output sets, respectively
(Tang and Yin, 2012).
Basic information on energy inputs and GHG emissions of
watermelon production was entered into Excel 2010 spread-
sheets and Matlab 7.2 (R2012a) software package.
3. Results and discussion
3.1. Analysis of input–output energy use in watermelon
production
Table 3 displays the equivalent energy inputs and output in
three farm sizes of watermelon production in the studied area.
The total average energy requirement for producing the water-
melon crops is about 40,229 MJ ha1. The results revealed that
the large farms had the highest total energy consumption and
Table 3 Amounts of energy inputs and output in watermelon production based on different farm size levels.
Items Farm size groups (ha) Average (MJ ha1) Percentage (%)
Small (<1) Medium (1–3) Large (>3)
A. Inputs
1. Human labor 1393.19a 1372.97b 1444.93c 1395.62 3.47
2. Machinery 1011.08a 1208.79b 1110.36b 1108.37 2.76
3. Diesel fuel 3429.95a 3424.71b 3607.43c 3463.40 8.61
4. Chemical fertilizer
(a) Nitrogen 27835.41a 26849.77a,b 30607.07b 28003.70 69.61
(b) Phosphate (P2O5) 1529.42
a 1475.26a,b 1681.71b 1538.66 3.82
(c) Potassium (K2O) 1223.53
a 1180.21a,b 1345.37b 1230.93 3.06
5. Farmyard manure 130.85a 105.27a,b 103.48b 115.36 0.29
6. Biocides 269.71a 330.47a 265.20a 292.61 0.72
7. Electricity 3058.84a 2950.52b 3363.41c 3077.33 7.65
8. Seed 3.07a 2.94a 3.01a 3.01 0.01
The total energy input 39885.06a 38900.92a 43531.95a 40228.98 100
B. Output
Watermelon 51265.49a 51555.89b 54182.46c 51962.63
Note: Different letters show signiﬁcant difference of means at 5% level.
42 A. Nabavi-Pelesaraei et al.yield in watermelon production. Also, the results of ANOVA
test demonstrated that there was no signiﬁcant difference
among three farm sizes from energy inputs point of view,
though a signiﬁcant difference was observed when three farm
sizes were compared based on watermelon yield. In other
words, the output energy of watermelon production in large
farms was signiﬁcantly higher than its amount in the small
and medium farms while there was no signiﬁcant difference
between their total energy inputs. It signiﬁes that with the same
total energy inputs the large farms produced more yield among
all farms. The contribution of each input energy to the total
energy input is exhibited in Table 3. The nitrogen fertilizer
has the highest share of energy consumption in watermelon
production (about 70%), followed by diesel fuel (with
8.61%) and electricity (with 7.65%). In the Guilan province
of Iran, electricity was only applied in electric pumps for irri-
gation. Also, the share of other inputs in total average energy
input in watermelon production was low. So, management of
nitrogen consumption can improve energy use efﬁciency in
watermelon production. Also, the above-mentioned goal can
be achieved by replacing chemical fertilizers with farmyard
manure. Banaeian and Namdari (2011) calculated the totalTable 4 Energy input–output ratio in watermelon production base
Items Unit Farm size groups (ha)
Small (<1) Mediu
Energy use eﬃciency – 1.29a 1.33b
Energy productivity kg MJ1 0.68a 0.70b
Speciﬁc energy MJ kg1 1.48a 1.43a
Net energy gain MJ ha1 11380.43a 12654
Energy intensiveness MJ $1 10.56a 10.24b
Direct energy MJ ha1 7881.98a 7748.2
Indirect energy MJ ha1 32003.08a 31152
Renewable energy MJ ha1 1527.11a 1481.1
Non-renewable energy MJ ha1 38357.95a 37419
Total energy input MJ ha1 39885.06a 38900
Note: Different letters show signiﬁcant difference of means at 5% level.energy use of watermelon production about 46,349 MJ ha1.
In similar results, they reported that the highest energy con-
sumption belonged to chemical fertilizers (28566.22 MJ ha1),
followed by water for irrigation (9274.29 MJ ha1) and diesel
fuel (3025.77 MJ ha1). In some related studies total energy
input has been reported as 45.54 GJ ha1 for tomato (Cetin
and Vardar, 2008), 30.28 GJ ha1 for kiwifruit (Mohammadi
et al., 2010), 45.21 GJ ha1 for grape (Hamedani et al.,
2011b), 81.36 GJ ha1 for glasshouse tomato (Ozkan et al.,
2011), 172.61 GJ ha1 for pear (Tabatabaie et al., 2013a),
80.17 GJ ha1 for wheat production (Khoshnevisan et al.,
2013a), and 35.37 GJ ha1 for soybean production
(Mohammadi et al., 2013).
Based on above-mentioned farm size levels, the energy use
efﬁciency (energy ratio), energy productivity, speciﬁc energy,
net energy and energy intensiveness are tabulated in Table 4.
Energy use efﬁciency for watermelon production was calcu-
lated as 1.29. The results reported by other researchers are as
follows: 0.8 for tomato (Cetin and Vardar, 2008), 0.96 for
cherry (Kizilaslan, 2009), 0.15 for strawberry (Banaeian
et al., 2010), 1.16 for apple (Raﬁee et al., 2010), 0.665 for garlic
(Samavatean et al., 2011), 0.51 for pear (Tabatabaie et al.,d on different farm size levels.
Average Percentage (%)
m (1–3) Large (>3)
1.24b 1.29 –
0.66b 0.68 –
1.53a 1.47 –
.98b 10650.51c 11733.64 –
10.90c 10.51 –
1b 8415.77b 7936.34 19.73
.71a 35116.18a 32292.64 80.27
8b 1551.41b 1513.98 3.76
.74a 41980.54a 38715.00 96.24
.92a 43531.95a 40228.98 100
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2013a). As can be observed in Table 4, medium farms had
the highest energy use efﬁciency (1.33); because, the proportion
of output energy to input energy was the highest. In other
words, the increase in output energy in proportion to the
increase in input energy in medium farms was signiﬁcantly
more than the small and large farms. Also, the lowest energy
use efﬁciency was calculated as 1.24 for large farms. Accord-
ingly the medium farms were appropriate in terms of energy
use efﬁciency for watermelon production in the Guilan prov-
ince, Iran. Furthermore, the energy productivity, speciﬁc
energy, net energy and energy intensiveness were estimated
at 0.68 kg MJ1, 1.47 MJ kg1, 11733.64 MJ ha1 and
10.51 MJ $1, respectively.
The distribution of inputs used in the production of water-
melon according to the direct, indirect, renewable and non-
renewable energy groups for three farm sizes, is given in
Table 4. The results revealed that the share of direct input
energy was 19.73% in the total energy input compared to
80.27% for indirect input energy. On the other hand, 3.76%
of total energy input used in watermelon production was
obtained from renewable energy resources which were strongly
lower than non-renewable energies (96.24%). Therefore, it is
clear that energy consumption from non-renewable sources
was higher than that of renewable ones in watermelon produc-
tion. The obtained results are in agreement with the literature
for different crops (Yilmaz et al., 2005; Erdal et al., 2007;
Kizilaslan, 2009; Mobtaker et al., 2012). The chemical fertiliz-
ers, diesel fuel and electricity were the main sources of non-
renewable energy in watermelon production. So, reduction in
nitrogen fertilizer using renewable resources like farmyard
manure would increase the rate of renewable energy. Also, efﬁ-
cient use of diesel fuel and water for irrigation would reduce
the rate of non-renewable energy.
3.2. GHG emissions of watermelon production
The results of GHG emission of watermelon production for
three farm sizes are shown in Table 5. The total GHG emis-
sions were calculated as 1014.96 kgCO2eq. ha
1. In similar
results, Khakbazan et al. (2009) reported that GHG emissions
from wheat production can be ranged from 410 kgCO2eq. ha
1
to 1130 kgCO2eq. ha
1 depending on fertilizer rate, location
and seeding system. In another study, Pishgar-Komleh et al.
(2012) concluded that the total CO2 emission of potato
production was about 993 kgCO2eq. ha
1. Soni et al. (2013)Table 5 GHG emissions of inputs in watermelon based on differen
Items Farm size groups (ha)
Small (<1) Medium (1–3)
2. Machinery 71.79a 85.82b
3. Diesel fuel 168.12a 167.86ab
4. Chemical fertilizer
(a) Nitrogen 547.11a 527.74b
(b) Phosphate (P2O5) 24.59
a 23.72a
(c) Potassium (K2O) 21.95
a 21.17ab
5. Biocides 11.46a 14.05b
6. Electricity 155.89a 150.37b
Total GHG emissions 1000.91a 990.73a
Note: Different letters show signiﬁcant difference of means at 5% level.calculated the total CO2 emission of transplanted rice about
1100 kgCO2eq ha
1. In another work, the total GHG emitted
from wheat cultivation was calculated as 1118.94 kgCO2eq. -
ha1 (Sefeedpari et al., 2013). The share of GHG emissions
was the highest in large farms. While, the medium farms had
the lowest share of GHG emissions in watermelon production.
The ANOVA test revealed that the difference between three
groups of farms was not signiﬁcant from GHG emissions point
of view.
The distribution of GHG emissions is illustrated in the last
column of Table 5. The results showed that the share of nitro-
gen fertilizers in total GHG emissions was the highest
(54.23%), and diesel fuel (16.73%) and electricity (15.45%)
held the second and third ranks. So, better agricultural
management in terms of nitrogen application can lead to
watermelon production with lower GHG emissions in studied
area. With respect to high rainfall in the Guilan province of
Iran, dry farming system is the best solution for reduction of
water for irrigation (electricity consumption) and GHG
emissions in watermelon production.
3.3. Evaluation and analysis of model
To make a prediction of the watermelon yield and GHG emis-
sions several networks, were trained using the Matlab 7.2
(R2012a) software package. In this study, a Levenberg–Mar-
quardt learning algorithm was selected and trained for build-
ing the prediction models using the training sets formed by
including 75 percent of data. To aim to test the developed net-
work testing datasets including 90 samples were applied using
the Levenberg–Marquardt learning algorithm. Eleven inputs
and two outputs were presented in the experimental tests. Also,
the farm size was selected as one of the input parameters. The
results revealed that the best model consisted of an input layer
with eleven input variables, one hidden layer with ten neurons
and an output layer with two output variables (11–10–2 struc-
ture). Fig. 1 displays schematic diagram of the best structure.
The results of training and testing are given in Table 6.
Accordingly, the best topology had the highest R2 and the low-
est values of RMSE and MAPE for watermelon yield and
GHG emissions in both training and testing which indicate
the ANN predicted watermelon yield by this model tends to
follow the corresponding actual ones quite closely.
Rahman and Bala (2010) developed an ANN model with
one input layer (six neurons), two hidden layers (9 and 5 neu-
rons) and one output layer (one neuron) that can predict jutet farm size levels.
Average (kgCO2eq. ha
1) Percentage (%)
Large (>3)
78.84c 78.69 7.75
176.82b 169.76 16.73
601.59c 550.42 54.23
27.04a 24.74 2.44
24.13b 22.08 2.18
11.27c 12.44 1.23
171.41c 156.83 15.45
1091.09a 1014.96 100
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Figure 1 Schematic diagram of ANN model with 11–10–2 structure.
Table 6 The best result of different arrangements of models.
Items R2 RMSE MAPE
Train Test Train Test Train Test
Watermelon yield 0.969 0.952 0.142 0.111 0.005 0.004
GHG emissions 0.995 0.997 0.059 0.025 0.004 0.001
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Figure 2 Correlation between actual and predict
44 A. Nabavi-Pelesaraei et al.production in Bangladesh. Pahlavan et al. (2012) reported that
the best topology was 7–20–20–1 structure for basil produc-
tion. In another study, the best model for prediction of envi-
ronmental indices of potato production in the Esfahan
province of Iran was reported being an ANN model with
11–10–6 structure (Khoshnevisan et al., 2013b).Target
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ed output energies based on the best topology.
Energy use and greenhouse gas emissions of watermelon production systems 45Figs. 2 and 3 demonstrated scatter plots of predicted output
energy and total GHG emission against actual values for the
training and testing data sets, respectively. The predicted and
actual values were in good agreement. The coefﬁcient of deter-
mination for these indices demonstrated the suitability of the
developed network for prediction of output energy and total
GHG emission of watermelon production in the studied area.
The results showed that R was calculated as 0.984 and 0.998
for watermelon yield and GHG emissions in training. Also,
in testing, R was found to be 0.976 and 0.999 for yield and
GHG emissions, respectively.
In Fig. 4, the vertical axis shows the normalized outputs
and the horizontal axis illustrates the number of predicted
points for validation data sets. Giving a meticulous attention
to the red and yellow lines (predicted values) ﬁtted over blue5 6 7 8 9
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Figure 4 Desired outputs anand green lines (real outputs) demonstrates the accuracy of
the model.
3.4. Sensitivity analysis
Sensitivity analysis via ANN ranked and selected the major
and input variables through its analysis using partial differen-
tial. Sensitivity analysis was performed using the best network
selected, in order to assess the predictive ability and validity of
the developed models (Table 7). The share of each input item
of developed MLP model on desired outputs (watermelon
yield and GHG emissions) can be seen clearly. Sensitivity anal-
ysis was used to test the robustness of the results of a model or
system in the presence of uncertainty and increased the
understanding of the relationships between input and outputTarget
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Table 7 Sensitivity analysis results for input energies.
Items Watermelon yield GHG emissions
Area 0.014 0.043
Human labor 0.017 0.060
Machinery 0.002 0.001
Diesel Fuel 0.023 0.004
Nitrogen 0.003 0.043
Phosphate 0.006 0.051
Potassium 0.005 0.052
Farmyard manure 0.010 0.046
Biocides 0.009 0.035
Electricity 0.009 0.016
Seed 0.024 0.025
46 A. Nabavi-Pelesaraei et al.variables in a system or model. The results disclosed that the
seed and human labor had the highest sensitivity for water-
melon yield and GHG emissions, respectively. Also, the
machinery had the lowest sensitivity for both of them.
4. Conclusion
Based on the present paper following conclusions are drawn:
1. The average of energy input in watermelon production was
found to be 40228.98 MJ ha1, mainly due to total chemi-
cal fertilizers (47.23%). Energy output was calculated as
95809.60 MJ ha1. Also, the large farms have the highest
energy consumption and energy outputs with 43531.95
and 54182.46 MJ ha1, respectively. Furthermore, the dif-
ference between energy use and yield was not signiﬁcant
for three different sizes of watermelon farms.
2. The average value of energy use efﬁciency, energy produc-
tivity, speciﬁc energy, net energy and energy intensiveness
was 1.29, 0.68 kg MJ1, 1.47 MJ kg1, 11733.64 MJ ha1
and 10.51 MJ $1, respectively. Also, the results revealed
that the energy ratio, energy productivity and net energy
of medium farms were higher than other farms,
signiﬁcantly.
3. The share of non-renewable resources of energy (96.24%)
was much more than renewable energy (3.76%) in water-
melon production. Total mean energy input as direct, indi-
rect, renewable and nonrenewable forms were calculated to
be 7936.34, 32292.64, 1513.98 and 38715.00 MJ ha1,
respectively.
4. GHG analysis indicated the total GHG emissions of
1014.96 kgCO2eq. ha
1. The highest share of GHG emis-
sions was calculated for chemical fertilizers (mainly nitro-
gen), followed by diesel fuel (16.73%) and electricity
(15.45%). Also, the difference of GHG emissions between
three farm sizes was not signiﬁcant.
5. The ANN model of the Levenberg–Marquardt Algorithm
with 11–10–2 structure was the best model for predicting
the yield and GHG emissions of watermelon production.
In the best topology, R2 was 0.969 and 0.995, RMSE was
0.142 and 0.059, MAPE was 0.005 and 0.004 for yield
and GHG emissions of watermelon production in training,
respectively.
6. The sensitivity analysis of yield and GHG emissions esti-
mated for seed and human labor energy was the highest
among inputs of energy and CO2 emission, respectively.With respect to this paper, it is suggested that new poli-
cies should be adopted to reduce chemical fertilizer con-
sumption (mainly nitrogen), diesel fuel and electricity.
These methods are the most important ways of better energy
management in watermelon production in the Guilan prov-
ince of Iran. For this purpose, applying plant, soil and cli-
mate pollution analysis is needed to specify the soil
fertilizers (to decrease high chemical fertilizer energy con-
sumption and GHG emissions).
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